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ABSTRACT
The rapid convergence of artificial intelligence (AI) and the Internet of Things (IoT) promises more 
intelligent, connected, and personalised learning environments, yet deployment in low- and middle-income 
countries (LMICs) remains uneven and weakly governed. Much of the available evidence derives from 
campus-based and comparatively well-resourced educational settings, while existing studies often treat AI 
and IoT separately and give insufficient attention to equity, environmental sustainability, and institutional 
readiness. This study advances a Governance by Design perspective and proposes an AI–IoT Readiness 
and Governance Framework for low-resource schools and open and distance learning (ODL) systems, 
including open universities, dual-mode institutions, school-based distance programmes, and community or 
non-formal initiatives. It addresses three research questions: what enabling conditions are required for AI–
IoT readiness in ODL; how AI–IoT-rich ODL environments can be governed to balance personalisation, 
security, and equity; and what transferable lessons can be generalised from early deployments in low-resource 
contexts. Conceptualising AI and IoT as a layered ecosystem spanning devices and sensors, connectivity and 
platforms, analytics and AI services, applications and pedagogy, and governance and values, the framework 
operationalises six readiness dimensions with maturity levels: infrastructure and IoT ecosystem; data 
governance, privacy, and security; AI-driven personalisation and learning analytics; staff capacity and change 
management; equity and inclusion; and environmental sustainability. A structured evidence review of 
Scopus, Web of Science, ERIC, IEEE Xplore and the ACM Digital Library, supplemented by backward and 
forward citation searching, yielded 57 studies that were analysed through a two-cycle conceptual synthesis. 
The resulting framework is a conceptual planning and reflection tool rather than a validated measurement or 
certification instrument.  The synthesis identifies proposed readiness conditions, governance considerations 
and design constraints to inform phased adoption, yielding a structured, privacy-aware, and inclusive 
pathway for AI–IoT implementation in low-resource education.

Keywords:	 AI in education, Internet of Things (IoT), educational technology, open and distance learning 
(ODL), readiness framework, data governance, equity and inclusion, low-resource ODL, Global 
South.

INTRODUCTION
Open and distance learning (ODL) has long relied on technologies to reach dispersed learners, from print 
and post to radio and television, and more recently, internet-based virtual learning environments, mobile 
applications, and social media. In the last decade, AI-enhanced tools such as adaptive courseware, intelligent 
tutoring systems, automated feedback, conversational agents, and predictive analytics have entered the 
distance education landscape (Adil, 2025; Eling & Ogwal, 2025; Feng & Li, 2024; Jeyakumaran et al., 
2025; Korolev, 2025; Lata, 2024; Nugroho et al., 2025; Ravindiran & Ramani, 2025; Raza & Salman, 
2022; Reddy Javvaji & Veera Raghavulu, 2024; SH & Supriyono, 2023; Wangdi, 2024; Yusuf, 2025). At 
the same time, IoT developments in education, such as sensor-equipped learning spaces, smart campuses, 
and connected devices, have opened possibilities for extending data flows and real-time feedback beyond 
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the physical institution (Badshah et al., 2024; Ghashim & Arshad, 2023; Koukaras et al., 2025; Kushwah, 
2025; Meylani, 2024; Sapale & Banerjee, 2023; Saraswat et al., 2024; Zeeshan et al., 2022). For ODL 
providers, AI and IoT appear to promise more personalised, at-scale, data-informed, and connected learning 
experiences.
The literature nevertheless reveals important asymmetries. AI-in-education research commonly emphasises 
adaptive systems, analytics, and institutional adoption, whereas IoT-in-education research concentrates 
on connected classrooms, campuses, devices, and networks (Badshah et al., 2024; Ghashim & Arshad, 
2023; Nugroho et al., 2025). These domains are frequently examined separately. Governance, equity, and 
sustainability are widely recognised, but their translation into operational readiness guidance for resource-
constrained ODL remains limited (Assefa, 2026; Kundu & Bej, 2025; Ndlovu & Maguraushe, 2025; Orhani 
& Hoti Kolukaj, 2025; Supramaniam et al., 2024; Suwastika et al., 2025). Because the evidence base spans 
different countries, institutional types, and publication designs, this study treats its cross-context conclusions 
as conceptual synthesis rather than universal empirical generalisations.
For ODL systems in low- and middle-income countries, infrastructure gaps, unequal access to devices 
and connectivity, limited staff readiness, and evolving governance arrangements can constrain responsible 
adoption (Agarwal & Vij, 2024; Hara, 2025; Malviya, 2025; Matin & Joshi, 2025; Ondiba & Kiprop, 2025; 
Sahito et al., 2024; Singh & Jindal, 2024). Digital inequality can also shape who benefits from AI-supported 
learning, particularly across socioeconomic, geographic, linguistic, gender, and disability-related differences 
(Adewale, Azeta, & Tjiraso, 2025; Assefa, 2026; Kurnia et al., 2025; Zhang, 2024). These findings justify a 
readiness framework that explicitly considers governance and inclusion. More specific issues, such as vendor 
data flows, telecom dependence, surveillance, and device lifecycle, are treated below as governance questions 
and design considerations rather than as conditions established uniformly across all ODL settings.
In this article, “Governance by Design” is used as an author-developed organising principle: governance, 
equity, accessibility, security, and sustainability considerations should be embedded from problem definition 
and procurement through deployment, monitoring, and retirement. This study aims to design and present 
an AI–IoT Readiness and Governance Framework to guide ODL providers, especially in low-resource 
environments, toward more deliberate and equitable adoption of AI and IoT. It addresses three guiding 
questions. The first is what enabling conditions must be in place for an ODL institution or programme to 
be genuinely AI and IoT ready. The second is how AI–IoT–rich ODL environments can be governed to 
balance personalisation, security, and equity. The third is what lessons from early AI and IoT deployments 
in low-resource educational settings can be generalised into a structured readiness and governance model 
suitable for ODL.
This article is organised as follows. Section 2 reviews relevant literature on AI and IoT in education with 
particular attention to ODL and low-resource contexts. Section 3 explains the methodology used to construct 
and refine the framework. Section 4 presents the findings, namely a layered AI–IoT ecosystem model for 
ODL and the six-dimensional readiness and governance framework, along with illustrative vignettes. Section 
5 discusses the findings in relation to existing work and explores implications for ODL policy and practice. 
It outlines the main contributions to knowledge and notes limitations to the study. Section 6 concludes.

LITERATURE REVIEW
This section synthesises literature on AI in distance education, IoT and smart environments, readiness and 
adoption models, governance and ethics, and equity and sustainability in AI–IoT–enabled education, with 
attention to implications for ODL.

AI in Distance Education and Learning Analytics
Prior work introduced process-based models linking AI adoption to learner outcomes and academic-
performance prediction in distance education (Adewale, Azeta, Abayomi-Alli, et al., 2025, 2026). Across 
the broader literature, common educational applications include adaptive learning, intelligent tutoring, 
automated feedback, conversational support, recommender systems, and learning analytics (Adil, 2025; 
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Madhu et al., 2024; Nugroho et al., 2025; Yusuf, 2025). These technologies may support personalisation, 
timely feedback, and instructor decision-making, although the strength of evidence varies by technology, 
population, and study design. Chatbots and virtual assistants are therefore treated here as possible ODL 
support tools rather than as universally effective interventions.
Learning analytics can be used to monitor participation, identify patterns associated with learner risk, and 
inform targeted support. Such uses require careful interpretation because interaction traces and demographic 
variables can encode structural inequalities, and predictive outputs may be opaque or unevenly reliable 
(Adewale, Azeta, & Tjiraso, 2025; Ndlovu & Maguraushe, 2025; Zaus et al., 2025; Zhang, 2024). 
Accordingly, the framework treats analytics as advisory evidence subject to human review rather than as an 
autonomous basis for consequential decisions.
Much of the adjacent evidence comes from campus-based, online, blended, K–12, or higher-education 
settings rather than from low-resource ODL itself (Badshah et al., 2024; Kim, 2025; Nugroho et al., 2025). 
Transfer to ODL therefore requires caution. Connectivity, device access, staff capacity, data integration, and 
learner circumstances may differ substantially across settings (Agarwal & Vij, 2024; Hara, 2025; Malviya, 
2025; Matin & Joshi, 2025; Ondiba & Kiprop, 2025; Sahito et al., 2024; Singh & Jindal, 2024). Building 
on earlier process-oriented ODL models (Adewale, Azeta, Abayomi-Alli, et al., 2025, 2026), this study 
develops a conceptual AI–IoT architecture adapted to resource-constrained ODL systems.

IoT and Smart Environments for ODL
IoT-in-education research has primarily examined smart classrooms and campuses, including environmental 
monitoring, access systems, connected learning devices, and networked educational services (Badshah et 
al., 2024; Ghashim & Arshad, 2023; Meylani, 2024; Oise et al., 2025; Zeeshan et al., 2022). These use 
cases commonly assume an institutionally managed physical environment and should not be transferred 
uncritically to dispersed ODL learners.
For this study, IoT refers specifically to networked physical devices or sensors that collect, exchange, or act 
on data. Smartphones and institutional platforms are treated as general digital infrastructure unless they 
participate in such sensing or device-to-system flows. In ODL, relevant IoT deployments may occur in 
regional centres, community hubs, laboratories, or other managed access points. Mobile networks, cloud 
services, and learner-owned devices remain enabling infrastructure, but they are not classified as IoT by 
default.
The IoT literature provides useful concepts for distributed sensing, edge and cloud computation, 
interoperability, resilience, and security (Badshah et al., 2024; Ghashim & Arshad, 2023; Koukaras et al., 
2025; Saraswat et al., 2024). Evidence directly addressing their adaptation to low-resource ODL is limited. 
Consequently, the architecture proposed here is a context-sensitive synthesis that requires empirical testing 
rather than a representation of a single proven deployment model.

Readiness and Adoption Frameworks Applicable to ODL
Readiness models in AI and IoT education research provide useful starting points. Suwastika et al. (2025) 
identify environment, organisation, technology, and people as interrelated dimensions in an IoT-readiness 
model for vocational schools and quantify how regulatory context, organisational governance, infrastructure, 
and teacher readiness shape adoption. Badshah et al. (2024) and Kushwah (2025) propose layered Internet of 
Educational Things and IoT frameworks that emphasise devices, edge and cloud infrastructure, applications, 
and governance. In higher education, Nugroho et al. (2025) synthesise AI-adoption research in a multi-
level framework integrating individual, organisational, and environmental factors, including digital literacy, 
perceived usefulness, infrastructure, leadership, policy, and ethics. Ndlovu and Maguraushe (2025) use 
Technology–Organisation–Environment and sociocultural learning theory to frame institutional policy, 
training, equity, privacy, and sustainable use.
Although these frameworks are not specific to ODL, they suggest that readiness must be conceptualised 
as multidimensional and context dependent. ODL institutions share some features with campus-based 



277

institutions but also differ in important ways: their learner populations are more dispersed and heterogeneous, 
their dependence on external networks and platforms is higher, and their interactions are mediated by 
digital and broadcast channels rather than physical presence. Readiness for AI–IoT in ODL must therefore 
account for the distribution of infrastructure across learner locations, relationships with telecom operators 
and platform providers, and the specific pedagogical models of distance education.

Governance, Ethics, and Data Protection in AI–IoT–Enabled Education
AI-governance literature emphasises privacy, transparency, fairness, accountability, security, and human 
agency in AI-supported decisions (Adewale, Azeta, Sambo-Magaji, et al., 2026; Eden et al., 2024; Kundu & 
Bej, 2025; Ndlovu & Maguraushe, 2025; Zaus et al., 2025). These principles support data minimisation, 
role-based access, clear responsibility, meaningful notice and consent where applicable, human review, and 
accessible routes for questioning consequential outputs. The precise legal obligations depend on jurisdiction 
and use context and should be assessed before deployment.
ODL may involve institutional systems, telecommunications networks, cloud services, and third-party 
platforms. This creates potential governance questions about contractual responsibility, data location, 
secondary use, retention, and deletion. The manuscript treats these as risks to be assessed in each 
deployment, not as documented characteristics of every ODL provider. IoT-specific literature also identifies 
device authentication, secure communications, access control, and lifecycle security as important safeguards 
(Badshah et al., 2024; Jayanthi et al., 2025; Koukaras et al., 2025; Saraswat et al., 2024). Technologies such 
as blockchain may be relevant in limited cases, but are not presented as default requirements.
Equity concerns recur across the literature. Access to AI-enabled education can vary with infrastructure, 
affordability, digital literacy, geography, language, disability, and other social conditions (Adewale, Azeta, 
& Tjiraso, 2025; Assefa, 2026; Kurnia et al., 2025; Zhang, 2024). Openness of enrolment does not itself 
guarantee equitable participation; ODL design must therefore consider low-bandwidth access, device 
sharing, accessibility, language, and alternative delivery routes where these are locally required.
Research on inclusive and special education identifies potential benefits from personalised interfaces, assistive 
technologies, alternative input and output modalities, and adaptive pacing, particularly for learners with 
disabilities (Jamaludin et al., 2025; Kurnia et al., 2025; Sathianarayanan et al., 2025). The literature also 
raises concerns about accessibility, bias, privacy, stigma, and the handling of sensitive learner data; the nature 
and severity of these risks depend on the technology and context (Bin Nor Mohamad et al., 2025; Kurnia et 
al., 2025; Sathianarayanan et al., 2025). Environmental sustainability remains less developed in education 
research. Existing studies discuss energy efficiency, resource management, reduced paper use, and sustainable 
smart-education infrastructure (Baral, 2025; Ghashim & Arshad, 2023; Khan et al., 2025; Meylani, 2024; 
Prasad, 2025; Zeeshan et al., 2022). More specific questions concerning AI-compute demand, data-centre 
emissions, electronic waste, repair networks, and full device lifecycles are therefore retained as deployment-
specific assessment prompts rather than treated as established findings across ODL settings.

METHODOLOGY
This study adopts a design-oriented methodology combining a structured evidence review, conceptual 
synthesis, and composite case vignettes. The purpose is framework construction rather than effect-size 
estimation or exhaustive systematic evidence mapping. The review is therefore reported as a transparent, 
structured conceptual review and should not be interpreted as a systematic review or as empirical validation 
of the proposed maturity levels. The three research questions introduced in Section 1 guided evidence 
extraction and synthesis: Question 1 informed the readiness dimensions; Question 2 guided the identification 
of governance and accountability mechanisms; and Question 3 informed the abstraction of transferable 
design lessons illustrated through the composite vignettes.
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Structured Evidence Review and Selection
A structured evidence review identified literature on AI and IoT in education with explicit or transferable 
relevance to ODL, particularly in resource-constrained contexts. Searches were conducted in Scopus, Web of 
Science, ERIC, IEEE Xplore, and the ACM Digital Library using concept blocks for AI and analytics, IoT 
and smart environments, education, ODL-related delivery, governance, readiness, equity, and sustainability. 
The main database search was last executed on 4 December 2025, using a 2014–2025 search window.  The 
final corpus contained 57 studies, spanning records available from 2022 to 2025; no pre-2022 record met 
the stated relevance threshold for inclusion. Appendix A reports the concept blocks, selection criteria, and 
flow counts. Where previously available conference papers were subsequently published as book chapters in 
2026, their bibliographic records were updated before final submission.
Backward and forward citation searching from highly relevant reviews and framework papers supplemented 
the database search. This step was used to identify conceptually central work across disciplinary boundaries 
and records not consistently indexed in all five databases. Records were included when they addressed 
educational practice, systems, or policy and informed at least two of the six implementation dimensions: 
infrastructure and IoT ecosystem; data governance and security; AI-enabled personalisation and analytics; 
staff capacity and change management; equity and inclusion; or environmental sustainability. Purely 
technical papers without an educational setting or interpretable implementation implications were excluded.
Records were exported to Excel and deduplicated before title, abstract, and full-text screening by the author. 
The recorded flow was: 219 records identified; 13 duplicates removed; 206 titles and abstracts screened; 
126 records excluded; 80 full texts assessed; 23 full texts excluded; and 57 studies included. Coding and 
synthesis were conducted by one reviewer. No separate formal quality-appraisal instrument was applied 
because the objective was conceptual framework development rather than intervention-effect estimation; 
source relevance, context, design, and transferability were considered during interpretation. No review 
protocol was registered. These choices limit reproducibility and mean that the included sources should not 
be treated as equally strong evidence.

Conceptual Synthesis
The 57 studies were coded along four analytic axes: technical and infrastructural; organisational and 
governance; pedagogical and human capacity; and ethical, equity, and sustainability concerns. Coding 
followed two cycles. Cycle 1 used an initial codebook based on the six provisional readiness dimensions and 
four analytic axes, with additional codes added when recurring concepts did not fit the initial scheme. Cycle 
2 consolidated codes into higher-order themes that informed the framework dimensions and illustrative 
maturity descriptors. Constant comparison was used across studies and contexts. Appendix B provides a 
coded evidence matrix, but the synthesis remains interpretive because it was conducted by a single reviewer 
and because the included study designs and contexts are heterogeneous. Because no formal quality-appraisal 
instrument was applied, the interpretation does not treat all sources as equivalent evidence. Framework 
propositions are phrased as conceptual considerations, rely where possible on convergence across sources, 
and use broad narrative reviews, preprints, and contextually distant studies primarily for contextual framing 
rather than as standalone proof.
A proposed dimension or descriptor was retained when it was supported by more than one relevant source 
or by convergent evidence across contexts. The resulting framework was then checked for internal coherence 
across the five ecosystem layers and six readiness dimensions. This process establishes traceability between 
literature themes and framework elements; it does not establish measurement reliability, causal validity, or 
generalisability.

Composite ODL Vignettes
Three author-constructed composite vignettes were developed to demonstrate how the framework could 
be interpreted in contrasting ODL configurations. They are not reports of actual institutions and do not 
constitute empirical validation. Their components were selected from recurring themes in the reviewed 
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literature and combined for illustration: a radio-and-print programme with optional mobile AI support; 
a dual-mode university using learning analytics and managed learning centres; and a rural school-based 
initiative using community access hubs, locally hosted resources, and limited connected devices. Specific 
combinations, such as solar power, offline servers, messaging-based support, or sensor-equipped hubs, 
should be read as plausible design scenarios requiring local feasibility, governance, and evidence checks, not 
as deployments proven by every citation previously associated with them.

FINDINGS
The study produces three conceptual outputs aligned with the research questions: six proposed readiness 
dimensions with illustrative maturity descriptors; a five-layer AI–IoT ecosystem model in which governance 
and values cut across technical and pedagogical layers; and three composite vignettes demonstrating possible 
framework use. These outputs synthesise the reviewed literature but have not been empirically validated as a 
measurement scale or institutional assessment instrument.

A Layered AI–IoT Ecosystem Model for ODL
Drawing on IoT and smart-education surveys (Badshah et al., 2024; Ghashim & Arshad, 2023; Koukaras et 
al., 2025; Zeeshan et al., 2022), AI-in-education analyses (Adil, 2025; Nugroho et al., 2025; Yusuf, 2025), 
and readiness/governance studies (Ndlovu & Maguraushe, 2025; Suwastika et al., 2025), the proposed ODL 
AI–IoT ecosystem comprises five interrelated layers.
The infrastructure and connected-device layer includes electricity, connectivity, end-user devices, and, where 
genuinely deployed, networked sensors or actuators linking managed ODL centres, laboratories, community 
hubs, and institutional systems. Learner smartphones and mobile networks are enabling digital infrastructure; 
they count as IoT components only when they participate in defined device-to-system sensing or control 
flows. Resource constraints and access conditions vary by context and should be assessed rather than 
assumed (Agarwal & Vij, 2024; Ondiba & Kiprop, 2025; Sahito et al., 2024). The data and platform layer 
encompasses learning-management systems, student-information systems, content repositories, messaging 
platforms, associated data stores, and the contracts and technical interfaces connecting them. Depending on 
the deployment, these may include institutional or third-party services. Governance should document actual 
data flows, roles, locations, retention periods, and authorised uses rather than infer them from platform type.
The AI and analytics layer comprises machine-learning models, rule-based engines, and analytic pipelines, 
including adaptive courseware, learner-support models, and conversational systems. The applications and 
pedagogy layer comprises the learner and staff interfaces and workflows through which these capabilities 
are used. Examples include advisory dashboards, tutoring support, and carefully governed alerts; their 
appropriateness depends on evidence, accessibility, proportionality, and human oversight (Adil, 2025; 
Madhu et al., 2024; Ndlovu & Maguraushe, 2025; Zaus et al., 2025). The governance and values layer 
spans all other layers. It includes law, policy, institutional responsibility, procurement, contracts, security, 
transparency, human oversight, equity, accessibility, and environmental considerations (Kundu & Bej, 2025; 
Ndlovu & Maguraushe, 2025; Suwastika et al., 2025). This cross-cutting layer makes explicit that responsible 
ODL deployment may require coordination among institutions, vendors, infrastructure providers, learners, 
and regulators, with responsibilities defined for the actual system under consideration.

The AI–IoT Readiness and Governance Framework for ODL
The proposed framework defines six dimensions and four illustrative maturity levels for institutional 
reflection and staged planning. The levels are qualitative descriptors, not a validated scoring scale. Table 1 
summarises the framework. These dimensions adapt constructs from prior readiness, governance, inclusion, 
and sustainability literature to ODL. They direct attention beyond institutional infrastructure to learner 
access conditions, distributed delivery, external services, staff capability, and the governance of actual data and 
device flows. Institutions should use the descriptors diagnostically and document the evidence supporting 
any assigned level.
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Table 1. AI–IoT readiness and governance dimensions for ODL

Dimension Focus Illustrative maturity descriptors

Infrastructure and 
IoT ecosystem

Availability, reliability 
and appropriateness 
of connectivity, power, 
devices and, where 
relevant, sensors across 
ODL centres, hubs and 
learner locations

Level 1 – Foundational: Patchy or low-bandwidth connectivity; 
intermittent power; learners rely on personal basic devices; minimal 
institutional control over the end-user environment 
Level 2 – Emerging: Basic institutional connectivity for core systems; 
some shared access points or hubs; pilots of offline servers or simple IoT 
devices at centres; no consistent integration 
Level 3 – Integrated: Robust, context-appropriate connectivity for core 
ODL systems; scalable access solutions for learners such as community 
hubs or subsidised data; purposeful use of IoT in support centres or labs; 
some edge computing to reduce bandwidth and enhance privacy 
Level 4 – Transformative: Infrastructure strategy aligned with equity 
goals (for example, prioritising underserved regions); interoperable 
and maintainable device and network choices; lifecycle planning and 
support for end-user devices; contingency plans for infrastructure 
disruptions.

Data governance, 
privacy and 
security

Policies, processes 
and technical controls 
governing learner and 
staff data in distributed 
ODL environments

Level 1 – Foundational: No formal data governance; data practices 
driven by platform defaults and vendor terms; weak authentication; 
little awareness among learners and tutors 
Level 2 – Emerging: Basic data handling guidelines; some role-based 
access within institutional systems; limited visibility of data flows 
involving telecom and cloud providers; ad hoc consent practices 
Level 3 – Integrated: Clear, accessible data governance policy covering 
collection, access, sharing, retention and deletion; designated data 
steward roles; configuration of platforms for privacy by default; incident 
response procedures; better negotiated contracts with providers 
Level 4 – Transformative: Data governance aligned with national data 
protection and AI ethics frameworks; learners and tutors informed about 
data uses and rights; participatory mechanisms for shaping acceptable 
data practices; capacity to assess and decline high-risk AI–IoT proposals

AI-driven 
personalisation 
and learning 
analytics

Use of AI and analytics to 
personalise ODL, provide 
feedback and support 
interventions

Level 1 – Foundational: Limited digital systems; no explicit AI; basic 
reporting for enrolment and assessments 
Level 2 – Emerging: Introduction of AI-enhanced tools, such as adaptive 
modules or chatbots, in selected courses; simple predictive dashboards 
piloted; staff skills to interpret data are uneven 
Level 3 – Integrated: AI and analytics embedded in ODL workflows 
(for example, tutors using dashboards to identify and support at-risk 
learners); clear guidelines on when AI is advisory and when it affects 
decisions; basic checks for errors and biases. 
Level 4 – Transformative: AI and analytics used at the programme and 
system level to improve equity and quality (for example, to allocate 
support resources or identify underserved groups); formal human-in-
the-loop arrangements and model review cycles, including evaluation 
of differential impacts

Staff capacity 
and change 
management

Capacities of academic, 
support and technical 
staff to understand, use 
and question AI–IoT 
systems and to manage 
organisational change

Level 1 – Foundational: Basic digital skills among tutors and 
coordinators; little understanding of AI, analytics or IoT implications; 
limited organisational support 
Level 2 – Emerging: Tool-specific workshops, often vendor-led; reliance 
on a few champions; AI and data literacy largely absent from staff 
development frameworks. 
Level 3 – Integrated: Structured professional development that 
differentiates operational skills, data literacy, AI literacy and ethics; 
recognition of workload implications; leadership actively managing 
change and encouraging reflection and adaptation 
Level 4 – Transformative: Staff participating in co-design and 
configuration of AI–IoT systems; emergent pedagogical innovations 
in ODL; institutional cultures that support critical engagement with 
technology and continuous improvement
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Equity and 
inclusion

Distribution of AI–IoT 
access, use and benefits 
across different learner 
groups in ODL, and the 
avoidance of new harms

Level 1 – Foundational: Equity concerns are implicit; no systematic 
monitoring of who can access AI-enabled components; reliance on 
generic rhetoric of openness. 
Level 2 – Emerging: Some attention to differential access to online 
components and devices; targeted support such as print alternatives or 
zero rating for some services; limited disaggregation of data 
Level 3 – Integrated: Equity by design in ODL AI–IoT initiatives, including 
offline-capable features, low-bandwidth options, shared access 
strategies, accessibility features and multilingual content; monitoring of 
differential usage and outcomes where feasible. 
Level 4 – Transformative: AI–IoT deployed to identify and address 
structural inequities in ODL (for example, gendered participation gaps 
or exclusion of learners with disabilities); active involvement of learners 
and communities in co-governing acceptable AI–IoT uses

Environmental 
sustainability

Environmental impacts 
and resilience of AI–IoT 
deployments in ODL, 
including device and 
infrastructure lifecycle

Level 1 – Foundational: Environmental considerations are absent from 
AI–IoT decisions; unmanaged growth of energy demand and electronic 
waste; and disposal practices are unclear. 
Level 2 – Emerging: Initial awareness of sustainability concerns; 
basic advice on device care and reuse; occasional mention of green 
information and communication technology 
Level 3 – Integrated: Energy efficiency and device lifecycle are 
considered in procurement and design (for example, choosing low-
power platforms and supporting repair); emerging plans for safe 
disposal or refurbishment in collaboration with partners. 
Level 4 – Transformative: Sector-level strategies to reduce the 
environmental footprint of ODL AI–IoT; use of AI–IoT to monitor and 
improve resource efficiency; sustainability integrated into ODL curricula 
and institutional missions

Illustrative Application to Composite ODL Vignettes
The first composite vignette represents a regional distance-learning programme for out-of-school youth using 
radio lessons, printed modules, community facilitation, and optional AI-enabled support through a mobile 
channel. Interaction and quiz data could be used to flag learners who may need support, subject to validation, 
proportionality, clear responsibility, and human review. Connectivity and device access are uneven, and any 
data exchange among the provider, telecommunications operator, and technology vendor would require explicit 
contractual and governance assessment. This is an author-constructed scenario informed by literature on AI-
supported learning and digital inequality (Adewale, Azeta, & Tjiraso, 2025; Adil, 2025; Assefa, 2026).
Illustratively, infrastructure readiness might be emerging because the programme uses existing mobile services 
but has limited control over learner devices. Data governance would depend on documented data flows, 
contracts, consent or other lawful bases, retention, security, and routes for learner redress. AI capability 
might be emerging if analytics remain limited and advisory. Staff capacity, inclusion, and environmental 
sustainability would require separate evidence; the programme’s social purpose alone would not justify a 
high maturity rating.
The second vignette represents a dual-mode university using a commercial learning-management system, 
advisory learning analytics, and managed learning centres with selected IoT devices for environmental or 
access functions. Proctoring or plagiarism-detection tools are not assumed; if introduced, they would require 
separate necessity, accuracy, fairness, privacy, accessibility, and appeal assessments. Institutional connectivity 
may be robust while rural learners still face unstable networks or low-end devices (Adewale, Azeta, & Tjiraso, 
2025; Agarwal & Vij, 2024; Badshah et al., 2024).
This institution could exhibit different maturity levels across the learner and institutional environments. 
Infrastructure evidence should therefore be disaggregated. Data-governance maturity would depend on the 
treatment of third-party services and any cross-border transfers under applicable law. AI maturity would 
depend on model documentation, performance monitoring, human oversight, and the consequences of 
errors. Staff capability and equity should be assessed through evidence of training, accessibility, alternative 
access routes, and differential outcomes rather than inferred from technology availability.
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The third vignette represents a rural, school-based distance initiative distributing content through radio 
and print and providing periodic access through community hubs. Locally hosted resources, solar power, or 
simple connected devices are optional design choices rather than documented features of one cited case. If 
adopted, they require feasibility, maintenance, safety, security, accessibility, and lifecycle planning. AI use is 
minimal and limited to low-stakes adaptive practice.
In this scenario, infrastructure readiness might be emerging if shared hubs mitigate but do not eliminate 
access barriers. Data governance may remain foundational where roles and policies are not formalised. Equity 
cannot be inferred from rural location or shared access alone; travel distance, opening hours, disability access, 
gendered constraints, safety, and device availability should be examined. Environmental maturity likewise 
requires evidence about energy sources, procurement, repair, reuse, and disposal. The vignette demonstrates 
how the framework prompts questions; it does not supply a validated institutional score.

DISCUSSION
The proposed framework responds to a practical gap between broad principles for responsible educational 
technology and the institutional capabilities needed to apply them in resource-constrained ODL. Because 
the reviewed literature is heterogeneous and much of it concerns campus-based, online, blended, K–12, 
or higher-education settings, the framework should be understood as a structured cross-context synthesis 
requiring local validation, not as evidence that all low-resource ODL systems share the same conditions.
First, the layered model makes external dependencies visible. Telecommunications operators, platform 
providers, cloud services, and device vendors may shape a particular ODL system, but their involvement 
and responsibilities must be documented case by case. Governance should therefore extend to procurement, 
contracts, data-flow mapping, security responsibilities, incident response, and compliance with applicable 
law (Kundu & Bej, 2025; Ndlovu & Maguraushe, 2025).
Second, the six-dimensional framework translates governance concerns into staged organisational questions. 
Data governance, staff capacity, inclusion, and sustainability are treated as readiness conditions alongside 
infrastructure and AI capability (Suwastika et al., 2025). The levels should guide discussion and evidence 
gathering; they should not be used as a psychometric score or certification until their reliability and validity 
have been empirically evaluated.
Third, ODL capacity extends beyond teachers and instructional designers to tutors, facilitators, support 
staff, learning advisers, technical teams, and institutional leaders. These actors need role-appropriate data 
and AI literacy and authority to question or override automated recommendations (Ndlovu & Maguraushe, 
2025; Nugroho et al., 2025; Zaman et al., 2025; Zaus et al., 2025; Zhunussov, 2024). Fourth, equity 
must be examined through learners’ actual connectivity, devices, languages, disabilities, locations, and social 
circumstances rather than assumed from open enrolment or programme intent (Adewale, Azeta, & Tjiraso, 
2025; Assefa, 2026; Kurnia et al., 2025; Zhang, 2024).
Fifth, environmental sustainability merits explicit attention even though the education-specific evidence 
remains limited. Relevant planning questions include energy demand, procurement, maintainability, repair, 
reuse, and end-of-life management; local evidence is needed before assigning maturity (Khan et al., 2025; 
Meylani, 2024; Zeeshan et al., 2022). Overall, the framework supports gradual adoption: institutions 
can establish governance, data literacy, accessibility, and low-risk pilots before considering consequential 
analytics, biometric monitoring, or other high-risk applications.

Contributions to Knowledge
This study contributes an integrated conceptual framework oriented to resource-constrained ODL. To the 
author’s knowledge, based on the structured review reported here, few published frameworks explicitly 
combine AI, IoT, institutional readiness, governance, equity, and environmental sustainability for this 
context. This is a bounded novelty claim rather than proof of absolute priority. The framework adapts 
relevant insights from smart-education, AI-adoption, governance, inclusion, and IoT-readiness research 
(Badshah et al., 2024; Ndlovu & Maguraushe, 2025; Suwastika et al., 2025; Zeeshan et al., 2022).
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The framework’s main contribution is to connect infrastructure and connected devices with data and 
platforms, AI and analytics, applications and pedagogy, and a cross-cutting governance-and-values layer. 
It also converts high-level principles into qualitative readiness descriptors covering data governance, staff 
capacity, inclusion, and sustainability. The composite vignettes show how the framework can organise 
institutional reflection, but they do not demonstrate effectiveness. Empirical validation, including inter-
rater reliability, construct validity, and testing across diverse ODL systems, is required before the framework 
is used for formal benchmarking or certification.

Limitations of the Study
Several limitations should be noted. The evidence review was structured for conceptual framework 
development rather than exhaustive systematic mapping. Exact database-specific yield counts and a registered 
protocol were not available, and no formal quality-appraisal instrument was applied. Study selection, coding, 
and synthesis were conducted by one reviewer, increasing the possibility of selection and interpretive bias. 
The 57 sources vary in design, venue, context, and evidentiary strength, and relatively few explicitly examine 
integrated AI–IoT systems in low-resource ODL. The framework therefore depends on adaptation and 
conceptual extrapolation and should not be treated as empirically validated.
The vignettes are author-constructed composites rather than accounts of actual institutions. They simplify 
complex realities, and their maturity assignments are illustrative. The framework requires field testing 
across multiple regions and ODL models, including assessment of usability, inter-rater agreement, validity, 
and unintended effects. The environmental dimension is especially provisional because education-specific 
evidence on AI–IoT energy use and device lifecycles remains limited. Future research should validate and 
refine the dimensions with learners, educators, administrators, technical staff, regulators, and affected 
communities under appropriate ethics and data-governance procedures.

CONCLUSION
AI and IoT may enhance ODL through personalised support, timely feedback, and connected services, but 
they also introduce risks related to privacy, security, bias, surveillance, external dependency, environmental 
impact, and unequal access. This study argues for Governance by Design: governance, equity, accessibility, 
and sustainability should be considered from problem definition and procurement through deployment, 
monitoring, and retirement. The proposed framework organises these considerations across five ecosystem 
layers, six readiness dimensions, and four illustrative maturity levels.
For researchers and practitioners, the framework offers a structured starting point for evidence gathering, 
planning, and stakeholder dialogue. It does not certify readiness, establish causal effectiveness, or replace legal, 
security, accessibility, environmental, or ethics assessment. Future studies should validate the framework in 
diverse ODL settings, test the reliability of maturity judgments, and examine whether its use improves 
decisions and learner outcomes. Responsible adoption in low-resource ODL should proceed incrementally 
and remain accountable to the learners and communities it is intended to serve.
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APPENDIX A
Search and Selection Documentation
A1. Purpose and scope of the evidence mapping

This appendix documents the evidence identification and selection procedures supporting the structured 
evidence review used for framework construction. The review was designed to capture transferable readiness, 
governance, and equity concepts relevant to Artificial Intelligence (AI) and Internet of Things (IoT) 
deployment in education, with particular relevance to open and distance learning in low-resource contexts. 
The objective was conceptual coverage and transparency rather than exhaustive retrieval of every technical 
implementation paper.

A2. Information sources, time window, and execution parameters

Searches were conducted in Scopus, Web of Science, ERIC, IEEE Xplore, and the ACM Digital Library. 
The main search window was 2014–2025. The final included corpus remained at 57 studies and comprised 
records available from 2022 to 2025. Where previously available conference papers were subsequently 
published as book chapters in 2026, their bibliographic records were updated before final submission. These 
bibliographic updates did not introduce new evidence or alter the screening, coding, or composition of the 
57-study corpus. The review was designed for conceptual framework construction, not exhaustive systematic 
evidence mapping; no protocol was registered, and no formal quality-appraisal instrument was applied.

A3. Search logic and two-stream design

A two-stream strategy was used to mitigate retrieval bias arising from inconsistent terminology and indexing 
across education and computing venues. The AI stream targeted AI-enabled educational systems and analytics 
in learning contexts, combined with delivery terms relevant to open and distance learning. Representative 
AI terms included artificial intelligence, learning analytics, educational data mining, intelligent tutoring, 
adaptive learning, recommender systems, predictive analytics, and chatbots.
The IoT stream targeted connected educational infrastructure and smart learning environments, combined 
with the same delivery terms relevant to open and distance learning. Representative IoT and smart 
environment terms included Internet of Things (IoT), smart classroom, smart campus, smart learning 
environments, ubiquitous learning, sensors, wearables, connected devices, and edge computing, where 
relevant to educational deployment. For both streams, delivery and modality terms included open and 
distance learning, distance education, online learning, blended learning, remote learning, and related terms 
used in the education literature to describe distributed and multi-platform delivery.
Governance and readiness concepts were incorporated as refinement terms, screening priorities, and 
supplementary retrieval prompts rather than as mandatory search constraints, because governance concepts 
are frequently described using diverse language across disciplines. Representative governance and readiness 
terms included readiness, adoption, implementation, governance, ethics, privacy, security, equity, inclusion, 
sustainability, policy, risk, accountability, transparency, and data protection.

A4. Database adaptation principles

The term blocks described above were operationalised differently across databases to reflect differences in 
supported syntax, field tags, and indexing practices. Adaptations were made to ensure conceptual equivalence 
rather than literal string identity. Adaptation rules included substituting database-specific field tags, adjusting 
phrase searching and truncation to database capabilities, handling proximity operators where supported, and 
using controlled vocabulary where available. The resulting searches preserved the same conceptual intent 
across all sources, namely retrieval of AI-in-education and IoT-in-education evidence with plausible relevance 
to open, online, distance, or blended learning delivery, followed by eligibility screening and analytic coding 
to determine readiness and governance relevance.
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A5. Citation-based discovery and supplementation

To strengthen coverage of conceptually central studies that may not be consistently indexed or may sit across 
disciplinary boundaries, structured citation-based discovery was conducted from key reviews and highly 
relevant articles identified during screening. Candidate items identified through this process were assessed 
using the same eligibility criteria and coding approach as database-retrieved records and were included only 
when they met the pre-specified inclusion rules.

A6. Record management, de-duplication, and screening workflow

All retrieved records were exported to Excel and de-duplicated prior to screening. Screening proceeded in 
three stages. The first stage reviewed titles to remove clearly irrelevant items. The second stage reviewed 
abstracts to assess relevance to educational settings and potential transferability to open and distance learning 
constraints. The third stage assessed full texts against the inclusion and exclusion criteria. Selection decisions 
were logged for auditability, with exclusion reasons recorded at the full-text stage. In total, 219 records were 
identified; after de-duplication, 206 unique records remained and were screened by title and abstract, of 
which 126 were excluded. Eighty full texts were assessed for eligibility; 23 were excluded with documented 
reasons, and 57 studies were included in the final corpus. Full-text exclusions were primarily due to lack 
of an educational implementation context, insufficient relevance to readiness/governance in low-resource 
ODL, or purely technical focus without interpretable institutional implications.

A7. Eligibility criteria used for inclusion

Studies were included when they addressed education practice, systems, or policy in a way that could 
inform open and distance learning, including studies conducted in campus-based settings with transferable 
implications for distributed learners, multi-platform delivery, or remote support models. Included studies 
discussed at least two implementation-relevant dimensions spanning infrastructure and IoT ecosystem 
readiness, data governance, privacy, and security, AI-enabled personalisation and learning analytics, staff 
capacity and change management, equity and inclusion, or environmental sustainability. Studies were 
prioritised when situated in low and middle-income or otherwise low-resource contexts, or when offering 
insights plausibly transferable to low-resource open and distance learning.
Studies were excluded when they were duplicates, non-scholarly items where applicable, or purely technical 
contributions without an educational setting or interpretable implications for implementation, governance, 
or equity.

A8. Coding and synthesis procedure

Included studies were coded using a structured codebook aligned to four analytic axes, namely technical and 
infrastructural, organisational and governance, pedagogical and human capacity, and ethical, equity, and 
sustainability concerns. Coding captured both enabling conditions and constraints, and the resulting coded 
evidence was synthesised to identify recurring readiness requirements, governance controls, and equity risks 
relevant to low-resource open and distance learning contexts. The synthesis informed the layered framework 
and the definition of readiness dimensions and maturity levels. Coding was conducted by one reviewer using 
a pre-defined codebook, with consistency maintained through iterative refinement of code definitions and 
repeated re-checking of previously coded records when definitions were updated.
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APPENDIX B
Coded Evidence Matrix 
This appendix documents how the higher-order themes used in the AI–IoT Readiness and Governance 
Framework were derived from the literature. Table B1 links each theme to (i) the analytic axis it belongs 
to, (ii) the main Cycle 1 code families used during coding, and (iii) representative supporting sources from 
the reference set. Themes map directly onto the six readiness dimensions (infrastructure and IoT ecosystem; 
data governance, privacy and security; AI-driven personalisation and learning analytics; staff capacity and 
change management; equity and inclusion; environmental sustainability) and also capture emergent issues 
noted in Section 3.2, including reliance on telecom intermediaries, cross-platform data flows, and offline or 
low-bandwidth design constraints.

Table 1. Coded evidence matrix linking thematic findings to representative sources

Framework dimension/
theme

Analytic axis Code families Representative 
supporting sources

Connectivity and power 
constraints in LMIC and 
ODL contexts (intermittent 
grid, weak last-mile, 
mobile-only access)

Technical/infrastructural Intermittent electricity; last-
mile connectivity; rural-urban 
gaps; mobile-first access; solar/
alternate power; offline hubs

Agarwal & Vij, 2024; Hara, 
2025; Malviya, 2025; 
Matin & Joshi, 2025; 
Ondiba & Kiprop, 2025; 
Sahito et al., 2024; Singh 
& Jindal, 2024

Device access, sharing, and 
heterogeneity of end-user 
environments in distance 
education

Technical/infrastructural Shared devices; low-end 
smartphones; basic/feature 
phones; BYOD; computer labs; 
community access centres

Assefa, 2026; Kurnia et 
al., 2025; Adewale, Azeta, 
& Tjiraso, 2025; Zhang, 
2024

Offline and low-bandwidth 
access considerations for 
ODL

Technical/infrastructural 
and Pedagogical/human 
capacity

Low-bandwidth interfaces; 
asynchronous and offline access; 
offline servers; local caching; 
asynchronous synchronisation; 
radio and print complements; 
SMS/USSD integration; locally 
appropriate alternative delivery 
routes

Agarwal & Vij, 2024; Baral, 
2025; Ondiba & Kiprop, 
2025

Edge vs cloud processing 
and implications for 
resilience, latency, and 
privacy

Technical/infrastructural Edge computing; fog nodes; local 
servers; cloud-centric platforms; 
latency; bandwidth costs

Badshah et al., 2024; 
Koukaras et al., 2025; 
Saraswat et al., 2024

IoT device and sensor 
deployment in educational 
settings and learning hubs

Technical/infrastructural Environmental sensors; RFID; 
biometrics; cameras; wearables; 
smart hubs; community learning 
centres

Badshah et al., 2024; 
Ghashim & Arshad, 2023; 
Meylani, 2024; Oise et al., 
2025

Maintenance, repair, and 
local technical support 
capacity

Technical/infrastructural Maintenance burden; local 
technicians; spare parts; vendor 
support; sustainability of 
hardware

Meylani, 2024; Suwastika 
et al., 2025; Zeeshan et 
al., 2022

Interoperability, vendor 
lock-in, and platform 
integration issues

Technical/infrastructural Proprietary platforms; lack 
of standards; integration 
challenges; LMS-SIS-analytics 
coupling

Badshah et al., 2024; 
Koukaras et al., 2025; 
Suwastika et al., 2025

External platforms and 
cross-platform data flows 
in ODL

Organisational/
governance and Technical/
infrastructural

Telecom operators; zero-rating; 
bundled connectivity + platform 
offerings; cross-border data 
transfer; app ecosystems

Kundu & Bej, 2025; 
Ndlovu & Maguraushe, 
2025; Nugroho et al., 2025

Absence or fragmentation 
of formal data protection 
and AI governance 
frameworks

Organisational/governance Weak data protection law; 
fragmented policy; lack of sector-
specific regulation; reliance on 
vendor terms; donor-driven 
norms

Kundu & Bej, 2025; 
Ndlovu & Maguraushe, 
2025; Adewale, Azeta, 
Sambo-Magaji, et al., 
2026
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Institutional data 
governance policies, roles, 
and procedures (or lack 
thereof )

Organisational/governance Data policies; data stewards; 
role-based access; retention 
schedules; incident response; 
internal guidelines

Eden et al., 2024; Ndlovu 
& Maguraushe, 2025; 
Suwastika et al., 2025

Data lifecycle practices in 
AI–IoT systems (collection, 
storage, sharing, retention, 
deletion)

Organisational/governance Data minimisation; purpose 
limitation; secondary use; 
deletion; third-party sharing; de-
identification

Eden et al., 2024; Jayanthi 
et al., 2025; Ndlovu & 
Maguraushe, 2025

Security controls for AI–IoT 
infrastructures (especially 
IoT and cloud)

Organisational/
governance and Technical/
infrastructural

Encryption; authentication; 
access control; intrusion 
detection; zero-trust 
architectures; blockchain

Badshah et al., 2024; 
Jayanthi et al., 2025; 
Koukaras et al., 2025; 
Saraswat et al., 2024

Consent, learner/
parent awareness, and 
transparency about data 
use

Ethical/equity/
sustainability and 
Organisational/governance

Informed consent; child-friendly 
notices; privacy awareness; terms 
of service; user understanding of 
data uses

Eden et al., 2024; Ndlovu 
& Maguraushe, 2025; 
Adewale, Azeta, Sambo-
Magaji, et al., 2026; Zaus 
et al., 2025

Potential surveillance and 
monitoring uses of AI–IoT

Ethical/equity/
sustainability and 
Organisational/governance

Biometric attendance; facial 
recognition; proctoring; CCTV 
analytics; behaviour scoring; 
continuous monitoring

Kundu & Bej, 2025; 
Ndlovu & Maguraushe, 
2025; Zaus et al., 2025

AI-supported 
personalisation and 
adaptive learning in online/
distance settings

Pedagogical/human 
capacity and Technical/
infrastructural

Adaptive content; personalised 
pathways; intelligent tutoring; 
recommender systems; adaptive 
testing

Adewale, Azeta, Abayomi-
Alli, et al., 2026; Adil, 
2025; Madhu et al., 2024; 
Yusuf, 2025

Predictive learning 
analytics and early warning 
systems for at-risk learners

Pedagogical/
human capacity and 
Organisational/governance

Risk scores; dropout prediction; 
early warning alerts; learning 
analytics dashboards; at-risk flags

Adewale, Azeta, Abayomi-
Alli, et al., 2025; Adil, 2025; 
Nugroho et al., 2025

Opacity, algorithmic bias, 
and fairness concerns in AI 
systems

Ethical/equity/
sustainability and 
Organisational/governance

Black-box models; bias in 
training data; subgroup 
performance differences; 
fairness metrics; explainability; 
contestability

Assefa, 2026; Ndlovu 
& Maguraushe, 2025; 
Adewale, Azeta, & Tjiraso, 
2025; Zhang, 2024

Human-in-the-loop 
decision-making vs 
automation of educational 
decisions

Pedagogical/
human capacity and 
Organisational/governance

Decision support vs decision-
making; override mechanisms; 
professional judgement; 
automation risks

Ndlovu & Maguraushe, 
2025; Adewale, Azeta, 
Sambo-Magaji, et al., 
2026; Zaus et al., 2025

Teacher, tutor, and staff 
digital literacy as a 
foundation for AI–IoT use

Pedagogical/human 
capacity

Basic ICT skills; comfort with 
platforms; troubleshooting; 
device use

Novianti, 2025; Nugroho 
et al., 2025; Zaman et al., 
2025; Zaus et al., 2025

Data literacy and AI literacy 
among educators and ODL 
staff

Pedagogical/human 
capacity

Dashboard interpretation; 
uncertainty/correlation; AI 
concepts; model limitations; bias

Ndlovu & Maguraushe, 
2025; Nugroho et al., 
2025; Suwastika et al., 
2025

Professional development 
and change management 
for AI–IoT integration

Pedagogical/
human capacity and 
Organisational/governance

One-off workshops; sustained 
PD; mentoring; communities 
of practice; leadership vision; 
workload; resistance

Kim, 2025; Ndlovu & 
Maguraushe, 2025; 
Nugroho et al., 2025; 
Zaman et al., 2025

Leadership, organisational 
culture, and governance 
structures for AI–IoT in 
education and ODL

Organisational/governance Vision-setting; policy 
governance; resource allocation; 
ethics committees; cross-unit 
coordination

Kundu & Bej, 2025; 
Muqorobin, 2025; Ndlovu 
& Maguraushe, 2025; 
Zaman et al., 2025

Digital divide in access to 
AI–IoT-enabled education 
(infrastructure and devices)

Ethical/equity/
sustainability and 
Technical/infrastructural

Urban-rural gaps; public-private 
differences; income-based 
disparities; connectivity/device 
access

Agarwal & Vij, 2024; 
Assefa, 2026; Adewale, 
Azeta, & Tjiraso, 2025; 
Zhang, 2024
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Usage and engagement 
divides in ODL (beyond 
access)

Ethical/equity/
sustainability and 
Pedagogical/human 
capacity.

Differential usage; drop-off 
rates; time-on-task differences; 
home support; competing 
responsibilities

Assefa, 2026; Sahito et al., 
2024; Adewale, Azeta, & 
Tjiraso, 2025

Outcomes and opportunity 
divides: AI as amplifier or 
mitigator of inequity

Ethical/equity/
sustainability

Differential learning gains; 
credential attainment; labour 
market outcomes; AI-enabled 
support for marginalised 
learners

Assefa, 2026; Kurnia et 
al., 2025; Adewale, Azeta, 
& Tjiraso, 2025; Zhang, 
2024

Disability inclusion and 
assistive AI technologies in 
ODL and blended contexts

Ethical/equity/
sustainability and 
Pedagogical/human 
capacity

Screen readers; alternative I/O; 
adaptive interfaces; sensitivity of 
disability data; stigma risks

Jamaludin et al., 2025; 
Kurnia et al., 2025; 
Sathianarayanan et al., 
2025

Linguistic and cultural 
inclusion in AI and digital 
platforms

Ethical/equity/
sustainability and 
Pedagogical/human 
capacity

Majority vs minority language 
support; local content; cultural 
relevance; translation; medium 
of instruction

Assefa, 2026; Bin Nor 
Mohamad et al., 2025; 
Hara, 2025

Potential gender 
differences in access 
and outcomes in AI–IoT-
enabled ODL

Ethical/equity/
sustainability

Girls’/women’s access to devices/
time; sociocultural norms; safety; 
targeted interventions

Assefa, 2026; Sahito et al., 
2024; Adewale, Azeta, & 
Tjiraso, 2025

Energy use and power 
profiles of AI–IoT 
infrastructures in low-
resource settings

Ethical/equity/
sustainability and 
Technical/infrastructural

Energy demand of devices/
networks; off-grid power 
(solar); power reliability; energy 
efficiency

Ghashim & Arshad, 2023; 
Khan et al., 2025; Meylani, 
2024; Zeeshan et al., 2022

Device lifecycle and 
resource-management 
considerations in 
educational deployments

Ethical/equity/
sustainability and 
Technical/infrastructural

Device longevity; maintenance; 
reuse; hardware durability; 
repairability; responsible 
disposal planning; informal 
recycling; toxic-exposure 
risks; energy and resource 
management; total cost of 
ownership.

Khan et al., 2025; Meylani, 
2024; Zeeshan et al., 2022

Energy and resource 
implications of digital and 
IoT infrastructure

Ethical/equity/
sustainability and 
Technical/infrastructural

Energy and resource assessment; 
cloud-computing demand; 
model-training and inference 
costs; energy efficiency; 
sustainability planning; green AI 
strategies.

Khan et al., 2025; Zeeshan 
et al., 2022

Note. This matrix records the author’s conceptual synthesis of the reviewed literature. The citations identify sources most 
relevant to each higher-order theme; they should not be read as evidence that every listed source supports every individual 
code or implementation example. The strength and transferability of each proposition remain dependent on source design and 
context.
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